Long-term trends in the phytoplankton community along the French coast of the English Channel and southern Bight of the North Sea were studied and related to physico-chemical factors and large-climatic indices. Phytoplankton and hydrological data were acquired through three transects. Sampling took place between 1992 and 2011 as part of the French Phytoplankton Monitoring Network (REPHY) and the Regional Nutrients Monitoring Network (SRN). Trends in time-series were identified with dynamic linear models tailored to environmental monitoring data characteristics (e.g. irregular sampling frequency, missing data). Temporal and spatial patterns in the phytoplankton community were explained with a partial triadic analysis. Relationships between the phytoplankton community composition, environmental factors, and climatic indices were assessed using a redundancy analysis (RDA). The analyses revealed long-term changes in the community composition, characterized by a temporal structure that remained common to all transects. The abundance of some groups of taxa such as the one composed by Gymnodinium and Gyrodinium, as well as the group of Pseudo-nitzschia increased during the study period, whereas the abundance of other taxa as for example Guinardia and the group of Coscinodiscus and Stellarima globally decreased. More generally, the proportion of dinoflagellates relative to diatoms increased. Trends in environmental variables were also observed in most sites and related to decreases in nutrient concentrations and an increasing trend in salinity. The RDA indicated that the Atlantic Multidecadal Oscillation index and salinity were the main factors defining the temporal structure of the phytoplankton community. This suggests that variations observed in the phytoplankton community are linked to hydro-climatic changes in the coastal environment.
Introduction
In a context of climate change and concerns about anthropogenic pressures over coastal ecosystems, understanding the response of biological communities has become a necessity. In marine ecosystems, the phytoplankton is at the base of marine foodwebs, and its specific composition determines the pathways and efficiencies of the energy transfer through the upper trophic levels (Cloern and Dufford, 2005; Dickman et al., 2008) . The relative species abundance and the community composition contribute to the characterization of phytoplankton assemblage structure. This structure is governed by various environmental factors, allelopathic interactions and grazing, affecting cellular processes, and determining the population growth, community composition, and algal succession (e.g. Tilman et al., 1982; Marshall et al., 2006) . These factors lead to recurrent patterns of phytoplankton composition observed at different temporal scales. However, these community properties may vary significantly with climate change and water-quality trends in coastal areas.
Long-term variations in phytoplankton communities have been recently observed and related to hydroclimatic changes, affecting biomass, community composition, and phenology (Edwards and Richardson, 2004; Suikkanen et al., 2007) . These modifications in phytoplankton communities are often studied at different taxonomic scales. Thereby, recent works show a modification of the relative proportion between diatoms and dinoflagellates (Klais et al., 2011; Zhai et al., 2013 ) and significant variations in the biomass of some taxonomic groups such as chrysophytes and chlorophytes (Suikkanen et 1996) . The sampling area of Dunkerque, located in the southern Bight of the North Sea, is 126 characterized by shallow and well-mixed waters (Lefebvre et al., 2011) . In addition, the 127 sampling zone is influenced by a macrotidal regime and by freshwater inputs coming from 128 the Seine, Somme analyses, samples were fixed with Lugol's solution and counted according to the Utermöhl 138 method (Utermöhl, 1958) . Organisms were identified to the lowest possible taxonomic 139 level. Taxa that are difficult to discriminate with optical microscopy were grouped. This 140 was the case of various groups representing a set of multiple species or even genus (e.g. 141
Pseudo-nitzschia "seriata complex", Gymnodinium-Gyrodinium). These groups correspond 142 to the taxonomic units extracted from the database. In addition, within sample observation 143 conditions, phytoplankton experts identified and counted organisms whose size is greater 144 than 20 µm but also species whose size is smaller but have a chain structure or form a 145 colony. Smaller species were also counted if they are potentially toxic/noxious (e.g. Iceland (Rodwell et al., 1999) . This oscillation has been related with factors such as 155 temperature, precipitation, wind, storms and mixed-layer depth (Hurrell and Deser, 2009 ; 156 Trigo et al., 2002) . The winter NAO index (December-March) was used for its more 157 pronounced correlation with temperature, wind and precipitation, and because its influence 158 persists in subsequent months (Ogi et al., 2003; Stenseth et al., 2003 Despite the use of taxonomic units as described previously, some confusions due to 166 changes in phytoplankton taxonomists or any other expertise variation during the period 167 may arise. These changes may lead to heterogeneous data regarding taxonomic 168 classification and hence to a misinterpretation of phytoplankton time series. To 169 homogenize the data, taxonomic units were grouped into the lowest common taxonomic 170
level. For example, Coscinodiscus, Coscinodiscus radiatus-marginatus, Coscinodiscus-171
Stellarima are three different labels available in the database and were finally replaced by 172
Coscinodiscus-Stellarima. In total, 91 of such taxonomic units were identified over the 173 selected period. Furthermore, discussions with observers and phytoplankton experts were 174 undertaken to ensure the reliability of the analysis performed. 175
To normalize data and reduce the effect of dominant taxa, abundances were log 10 (x 176 + 1)-transformed. In addition, a simple phytoplankton community index was defined as the 177 proportion of dinoflagellates relative to diatoms. This proportion was calculated as the 178 abundance of total dinoflagellates divided by the sum of total abundance of diatoms and 179 dinoflagellates. 180
181

Data analyses 182
Univariate and mutlivariate analyses were performed to assess changes in phytoplankton 183 community, taking into account different scales of variability either taxonomic, temporal 184 or spatial. The Figure 2 shows the pathways of statistical analyses applied in this study. In order to characterize seasonal patterns of the main taxonomic groups, monthly median 190 abundances, less sensitive to extreme values, were calculated over 1992-2011. 191 Bacillariophyceae, Dinoflagellata, and Prymnesiophyceae were previously identified as the 192 most common classes in this zone (Lefebvre et al., 2011) . factor. This was chosen since sampling frequency was mainly monthly. Furthermore, this 212 temporal unit is fine enough to capture different annual periodic patterns. Finally, when 213 more than one observation was available within the month, the median was used to 214 aggregate the data. Outliers were detected by examination of standardized residuals. Under 215 the assumption of a normal distribution of standardized residuals, it is expected that about 216 95% of them are within the ± 1.96 interval. Values standing outside this interval were 217 considered as outliers. They were not removed but treated using interventions. Model 218 checking was assessed by residual diagnosis. Serial autocorrelation and normality were 219 tested by plotting the autocorrelation function of the standardized residuals as well as their 220 normal QQ-plot. Deviations from normality were rare. In the case where serial 221 autocorrelation was present, an AR(1) term was added to the model. The results showed 222 that adding this term does not affect trends. Thus, models have been kept in the original 223 structure as described above. 224 DLM were first used to study long-term trends in diatoms and dinoflagellates 225 functional groups, as well as trends of some taxonomic units, selected through multivariate 226 techniques (explained below). Physico-chemical trends were identified with DLM, and the 227 annual mean trend was used for multivariate analyses. Time series analyses with DLM 228 were conducted with the dlm package for R (Petris, 2010) . 229
230
Multivariate analyses of phytoplankton community composition 231
For multivariate analyses, the genus was used as the smallest taxonomic level. Aggregating 232 the data at this level allows to capture most of the information considering that little 233 information is lost using the genus level rather than the species one (Cottingham and 234 Carpenter, 1998) . In order to focus on the main changes in phytoplankton community, rare 235 taxa were excluded from the analyses, based on the occurrence frequency over 1992-2011. 236
A taxa was discarded when its occurrence frequency was less or equal to three years in all 237
sites. This resulted in a loss of less than one percent of the total abundance for each site, 238 which represents 29 discarded taxonomic units. Sixty-two taxonomic units remained for 239 mutivariate analyses. 240
Spatial and temporal characteristics of the phytoplankton data led to obtain a three-241 dimensional table (taxonomic units; sites; years). Partial Triadic Analysis (PTA), used with 242 such multi-table data, was computed to elucidate temporal patterns of the phytoplankton 243 community composition (Figure 2 , package ade4 for R, Dray et al., 2007) . This method 244 allows simultaneous principal component analyses of a set of tables by searching for an 245 average temporal structure called compromise, and studying the spatial stability of this 246 structure (Blanc and Beaudou, 1998) . In addition to the analysis performed at genus level, 247 the PTA was also carried out at upper levels (e.g. family, order, class). (Table S1 ) with information on the 268 taxonomic groups they belong to, and highlighting those mainly discussed in this study. The redundancy analysis accounted for 21.8% of the total variance of the data (all 370 canonical axes). Of this, 68.8% was explained by the first two axes. These canonical axes 371 and the seven variables were significant (p < 0.01). On the first axis, the AMO index, 372 salinity, NAO w index, and temperature were the main explanatory variables (Figure 9 a) . 373
The first axis describes a temporal structure, with two different periods, before and after 374 2001 (Figure 9 a, c) . The second axis is mainly defined by silicates, dissolved inorganic 375 nitrogen, but also salinity (Figure 9 well-known that the nutrient availability is a major factor for algal growth (Tilman et al., 507 1982) . In general, diatoms dominate under high-nutrient and turbulent conditions whereas 508 dinoflagellates prevail under periods of stratified conditions and low nutrient 509 concentrations (Margalef, 1978) . Under low-nutrient conditions, the use of mixotrophy in 510 algal flagellates may represent an advantage, making the growth not strictly dependent on 511 the inorganic nutrients supply (Cloern and Dufford, 2005; Smayda, 2002) . Considering the 512 heterogeneity of phytoplankton taxonomic classification levels in the REPHY database, we 513
were not able to associate species, mainly dinoflagellates, to mixotrophic and heterotrophic 514 functional groups. However, potential groups where mixotrophic species are present, like 515
Gymnodinium-Gyrodinium, showed an increasing trend in abundance. We found some evidence of changes in the community composition as well as significant 537 long-term trends in the abundance of some taxonomic units that seem to reflect climate-538 driven changes in the coastal environment. Since phytoplankton plays a key role in the 539 pathways and efficiency of energy transfer through the upper trophic levels and 540 participates in the nutrients cycles, the observed long-term changes in the phytoplankton 541 community structure may have important ecological consequences (e.g. Edwards and 542 Richardson, 2004; Hays et al., 2005) . However, further studies are necessary to assess the 543 modifications of the phytoplankton community and the factors forcing these changes. In 544 particular, the causal relationships between climate and environmental drivers on one hand, 545 and phytoplankton communities and species phenology on the other hand, need to be 546 described to assess whether changes correspond to a major shift in the ecosystem structure 547 and functioning. Future works will therefore follow two lines of research: 1) apply the 548 same statistical framework to other REPHY monitoring sites, test for similar occurrences 549 of changes and relate changes to environmental drivers, 2) determine the ecological niche 550 of the most significant species and assess whether and how the phytoplankton phenology 551 responds to environmental changes. 552 553
Supplementary material 554 555
The following supplementary material is available at ICESJMS online version of the 556 manuscript: 557 Table S1 A list with assigned codes and taxonomic groups of phytoplankton taxa 558 identified. 559 
